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Inside the cell, DNA is almost always associated with proteins. In fact, to form nu-
cleosomes, the basic building blocks of chromatin, DNA sequences of about 150
base pairs are wrapped around octets of histone proteins [1]. In the last decades,
researchers have started cataloguing chromatin proteins and their modifications.
Chromatin, once considered as a simple scaffold to package DNA into each cell,
has been recognized to have a dynamic role in genome organization and a multi-
plicity of functions in genome regulation. Lots of studies have been carried outwith
the aim of simplifying chromatin complexity by dividing it into a certain number of
chromatin-states. This has led to the identification of a number of chromatinmod-
ifications or “marks” and the discovery of many regulatory elements throughout
the genome [2]. Probably, in the next future, chromatin-states mapping will reveal
a multitude of key aspects of genome functions and will pave the path to under-
stand the mechanisms that regulate these functions. The aim of this work, based
on the previous considerations, is to provide a computational pipeline to identify
chromatin states in different tissues, in order to better understand conservation
and differentiation of chromatin states in tissues.
Methods
Chromatin state annotation using combinations of chromatin modifications has
emerged as a powerful approach for genome annotation and detection of regu-
latory activity [3]. A preliminary step of the pipeline developed in this work is to
identify a set of available data samples of histonemodifications that can accurately
characterize chromatin states and cover a wide range of tissues. Another crucial
point is to find information about the tissues in which the considered histonemod-
ifications are expressed. Based on the obtained information, available samples are
grouped by histone modification and tissue annotation terms, leading to multiple
samples for each group. The next step, thus, involves obtaining a single sample
for each histone mark and tissue out of the multiple replicate samples available.
Finally, the last step is to learn chromatin states and characterize their biological
functions and correlations, with the possibility to visualize the resulting genome-
wide maps of chromatin-state annotations.
Results
Following the described pipeline, we performed a chromatin states analysis in dif-






































available in the GEO and ENA repositories. However, due to inconsistencies in the
annotation ofmetadata, as well as the lack of uniformprocessing procedures, these
resources, though precious, have been underutilized. To overcome this problem,
we took advantage of Cistrome DB (http://cistrome.org/db), a comprehensive an-
notated resource of ChIP-seq and chromatin accessibility data publicly available
in GEO. As a set of histone modifications that could accurately characterize chro-
matin states, we used the first five histonemarksmost represented in CistromeDB.
After enriching samples with tissues ‘information from GEO metadata, to obtain
one single sample for each histone mark and tissue out of the multiple replicate
samples available, data were processed using pyGMQL, the python package of the
GenoMetric Query Language [4], a new holistic approach to manage and query a
large number of datasets, samples, DNA regions and metadata in order to discover
interesting DNA regions and their relationships. Lastly, to learn and characterize
chromatin states, the ChromHMM [5] tool was used. As a result of this pipeline, we
obtained genome-wide information about 5 chromatin states for 80 different tissue
types.
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